Scanning flow cytometry (SFCM) is characterized by the measurement of time-27 resolved pulses of fluorescence and scattering, enabling the high-throughput 28 quantification of phytoplankton morphology and pigmentation. Quantifying variation 29 at the single cell and colony level improves our ability to understand dynamics in 30 natural communities. Automated high-frequency monitoring of these communities is 31 presently limited by the absence of repeatable, rapid protocols to analyse SFCM 32 datasets, where images of individual particles are not available. Here we 33 demonstrate a repeatable, semi-automated method to (1) rapidly clean SFCM data 34 from a phytoplankton community by removing signals that do not belong to live 35 phytoplankton cells, (2) classify individual cells into trait clusters that correspond to 36 functional groups, and (3) quantify the biovolumes of individual cells, the total 37 biovolume of the whole community and the total biovolumes of the major functional 38 groups. Our method involves the development of training datasets using lab cultures, 39 the use of an unsupervised clustering algorithm to identify trait clusters, and machine 40 learning tools (random forests) to (1) evaluate variable importance, (2) classify data 41 points, and (3) estimate biovolumes of individual cells. We provide example datasets 42 and R code for our analytical approach that can be adapted for analysis of datasets 43 from other flow cytometers or scanning flow cytometers. 44 45 46 47 48 50 Flow cytometry (FCM) has enabled the monitoring of natural microbial communities 51 by capturing point estimates of cellular characteristics and images, respectively ([1-52 7]. Developed more recently, scanning flow cytometry (SFCM) records time-resolved 53 pulses of fluorescence and scattering for every cell [4,8-10]. The fluorescence and 54 scattering pulses are summarized using parameters that characterise changes in 55 morphology and pigmentation over the length of a cell. This vast amount of 56 individual-level information can be used to quantify the distributions of important 57 cellular traits within communities. High-throughput quantification of traits governing 58 organism-environment interactions [11] would increase our ability to understand 59 ecological and evolutionary changes in microbial communities. However, the utility of 60 traditional FCM and scanning flow cytometry (SFCM) in monitoring natural 61
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Introduction combination with the flowPeaks algorithm [26] to clean SFCM data and to identify 160 functional groups of cells in the cleaned data. The data we used to test this protocol 161 were collected from a natural lake community across several months of automated 162 monitoring. We used two additional random forests trained on clustered data to first 163 classify all points from 191 files containing >20 million data points into phytoplankton 164 cells and other particles, and subsequently classify the cells into clusters 165 corresponding to functional groups. We used a fourth random forest trained on our 166 lab culture training dataset to estimate the biovolume of every phytoplankton cell 167 based on all the measured SFCM parameters. 168 We describe this procedure in detail below and validate it using 191 microscopy 169 measurements corresponding to the same depths and times of the SFCM 170 measurements (Fig. 1) . We include the complete SFCM dataset that we used to 171 evaluate this method on the data repository Zenodo, accessible at 172 https://doi.org/10.5281/zenodo.977772 [30] . We also include code for the entire 173 analysis on Github, accessible at https://doi.org/10.5281/zenodo.999747 [31] , 174 implemented in the R software environment [32] . Associated microscopy data used 175 in this paper may be found in the supporting information.
176

Methods
177
Overview of approach: 178 Our approach is shown in flow chart form in Fig. 1 . It involves 10 steps: 179 (1) Generation of a training dataset using lab cultures with known species identity, 180 functional group identity, and mean cell biovolume (Table 1) . (2) Identifying the parameters that most accurately distinguish between live cells and 182 all other signals jointly (a combination of bacteria, detritus, and electronic noise), 183 using the training dataset. 184 (3) Identifying clusters of similar points in a subset of the field dataset based on the 185 parameters identified in step 2. 186 (4) Classifying points from the complete field dataset into these clusters, and 187 removing all points except for those from live cells (data cleaning).
188
(5) Identifying the parameters that most accurately distinguish between different 189 functional groups, using the training dataset.
190
(6) Identifying clusters of similar points (corresponding to different functional groups) 191 in a subset of the cleaned field dataset based on the parameters identified in step 5.
192
(7) Classifying all cells from the cleaned field dataset into these clusters. The signal produced by each particle is a time series of measurements for each 287 channel, which describe the variation in scattering and fluorescence over the length 288 of the particle. This high-resolution time series describes a pulse for each channel (4 289 fluorescence and 2 scattering). These pulses may be highly irregular in shape ( Fig. 290 S1) and are therefore characterized using a number of parameters (see Table S1 for 291 parameter descriptions). 
Instrument configuration 293
Internal flow rates were set at 2 μL.s -1 . A trigger threshold of 99.7 mV on the 294 sideward scatter channel was enforced; particles whose scattering did not rise above 295 this level were therefore not recorded. Field samples measurements were terminated 296 when 500 µL was measured or 9 minutes elapsed, whichever was earlier. Every four hours, the sampling tube was automatically deployed to each of the 6 299 depths by the automated station (described in [4] ). Water samples were pumped to a 300 250 mL sampling chamber at the surface through a tube with a 1-cm diameter 301 opening, making these highly depth-specific measurements. The sampling chamber 302 15 was flushed with water from the sampling depth four to five times over 2 minutes 303 before the CytoSense collected a water sample of up to 500 µL for measurement.
304
Generation of training datasets using lab cultures 305
Our training dataset for the random forest served 3 purposes: (1) to enable the 306 identification of parameters that most strongly distinguish between live cells and 307 other signals, (2) to enable the identification of parameters that most strongly 308 distinguish between cells belonging to different functional groups, and (3) to train the 309 algorithm to estimate cell biovolume based on all the measured CytoSense 310 parameters.
311
We measured ten laboratory cultures belonging to multiple functional groups (Table   312 1). In clonal lab cultures, manual identification of live cells and other signals is proportion of live cells expected from field measurements.
318
We note that overall performance will likely improve if the training dataset is 319 improved. This may be done by increasing the number of species, number of 320 functional groups, range of sizes, and range of culture conditions. plots. However, the best parameter values may differ between datasets.
375
The algorithm identified 8 clusters, which we visually inspected using 3D plots (Fig. 376 S3 and animated version in supplementary information, Table S2 ). From these plots, 377 we identified 7 clusters that we expected to correspond to live phytoplankton cells; We identified the functional groups that individual cells belonged to by essentially 398 repeating the data cleaning procedure (section 3.5) on the cleaned data. There were 399 minor differences in procedure that we note below. (Table 1) . 406 We then used a random forest to identify the variables that most strongly 407 distinguished between these functional groups. As earlier, we log-transformed all 408 variables whose minimum value was > 0 and removed one member of all pairs of 409 variables in the laboratory dataset whose correlation coefficient was > 0.8 or < -0.8.
410
We were left with 43 variables. We trained a random forest with 10,001 trees [35] 411 and found that 8 variables enabled a clear distinction between cells belonging to 412 different functional groups (Fig. 2) . In descending order of importance, they were: 
Estimating the biovolumes of single cells and colonies 459
We trained a random forest with 10,001 trees on our lab culture training dataset 460 (Table 1) We used this trained random forest to predict the biovolume of every individual cell in 471 our cleaned field data based on all their SFCM parameters. 472 3.7.2 Estimating the density of the whole community and major functional groups 473 We first quantified the cell density of each community by multiplying the particle We estimated total biovolume of each community by multiplying the cell density 481 estimated in section 3.7.2 with the mean biovolume of all cells in the community.
482
Similarly, we estimated the biovolume of each cluster (functional group) by 483 multiplying the estimated cell density of each cluster by the mean biovolume of all 484 cells belonging to that cluster.
485
Results and assessment 486 We assessed the accuracy of our data cleaning, functional group identification, and 487 biovolume estimation procedures by using field data to compare SFCM estimates 488 with microscopy estimates of (1) cell density at the whole-community level, (2) total 489 biovolume at the whole-community level, (3) cell density of the major functional 490 groups, and (4) total biovolume of the major functional groups. 1.33 Fig. 5 ). As with cell density, chrysophytes showed not just a strong 567 correlation between estimates from the two methods, but also highly similar 568 quantitative estimates. Cryptophytes and green algae exhibited a relatively small 569 degree of variation and differed in absolute value, but were positively correlated in 570 both cases. As in Fig. 4, cyanobacterial Our protocol (Fig. 1) is composed of three parts that can each be improved upon 601 with more data or improved algorithms, while following essentially the same protocol.
602
The strong agreement between SFCM results and microscopy results from a 603 complex natural community supports our claim. It improves on existing methods by 604 (i) reducing the subjectivity associated with manual cluster designation, and (ii) 605 increasing the scalability of FCM and SFCM analyses by enabling the study of 606 datasets of arbitrarily large size using basic computing facilities. This scalability is 607 achieved by coupling unsupervised clustering with machine learning techniques 608 (which have frequently been used independently previously) and reducing the size of 609 the major tasks through the use of training datasets and data subsets.
610
However, there are important limitations to our method: outside those under which training data are generated. The degree of stability in 625 these traits is an empirical question that needs to be verified. Though we do expect 626 variation to occur (e.g. nutrient starvation should lead to a decrease in pigmentation 627 and therefore fluorescence), its magnitude is unknown. Based on our understanding 628 of pigmentation and cell morphology (which influence fluorescence and scattering 629 respectively), as well as our success here under variable conditions in a natural
